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In this short communication, the prediction of the permeability of carbon dioxide through different 
polymers using a neural network is studied. A neural network is a numeric-mathematical construction 
that can model complex non-linear relationships. Here it is used to correlate the IR spectrum of a polymer 
to ita permeability. The underlying assumption is that the chemical information hidden in the IR spec- 
trum is sufficient for the prediction. The best neural network investigated so far does indeed show pre- 
dictive capabilities. 
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1. Introduction 
Mass transport properties of polymer films 
are of special interest in the food packaging in- 
dustry and in membrane technology [ 11. The 
most important property of a polymeric mate- 
rial for these applications is the permeability, 
i.e., the pressure- and thickness-normalized flux 
through the polymer film. The permeability of 
a gas through a polymer film depends on the 
physico-chemical characteristics of the gas and 
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the polymer. In this communication we will fo- 
cus only on the influence of polymer properties 
on the permeability of carbon dioxide as the 
permeating gas. 
A considerable amount of research effort is 
spent on the correlation of mass transport 
properties of polymers having different chem- 
ical structures. A widely used and accepted the- 
ory is the correlation between the permeability 
and the free volume of the polymer [ 21. How- 
ever, this correlation does not hold strictly for 
all polymers [ 3,4]. Another correlation method 
is the Permachor method [5] based on group 
contribution. In this method, a certain numer- 
ical value is coupled to a specific chemical group 
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present in the polymer repeat unit. The sum of 
these values over all different groups present in 
the polymer is linearly related to the permea- 
bility of a certain gas. 
In our approach, we do not distinguish be- 
tween certain chemical groups based on the 
chemical formula. Instead, it is assumed that 
the information hidden in the IR spectrum of a 
polymer is sufficient to provide a correlation 
with the permeability of the polymer. This as- 
sumption may be debatable, however, a num- 
ber of publications described below make the 
idea acceptable. Koros and Fleming [6] de- 
scribe the extraction of general rules from per- 
meation experiments with chemically different 
polymers, relating polymer backbone modifi- 
cations to alterations in mass transport char- 
acteristics. Yampolski [‘I], on one hand, relates 
the permeability to the glass transition tem- 
perature, and Hopfinger et al. [ 81, on the other 
hand, relate the glass transition temperature to 
the chemical structure of the polymer. The 
chemical structure of a polymer, finally, is suf- 
ficiently characterized by its IR spectrum. 
However, the relationship between the IR 
spectrum of a polymer and its permeability is 
not obvious and this short communication is 
only a first attempt to answer the question on 
the existence of such a relationship. 
The attempt to correlate IR spectra to the 
permeability is not completely new. In a U.S. 
patent, Gold [ 91 correlates the permeability of 
gases through a mixture of two epoxy resins 
with their IR spectra. However, the mathemat- 
ical tool used (Partial Least Square Regres- 
sion) is probably not powerful enough for dif- 
ferent polymers which may vary considerably 
in chemical structure. 
2. Neural networks 
In this study, a neural network was chosen 
as a mathematical tool to correlate the IR spec- 
trum to the permeability of the polymer. In 
neural network science, the objective is to mimic 
mathematically the processing of input signals 
to an output signal as in signal processing in 
biological neural systems [lo]. Because of the 
non-linearity of the neural networks, this ap- 
proach is very powerful in correlating complex 
input signals to output signals that are in some 
way related. Here, the complex IR spectrum is 
the input signal and the permeability the out- 
put signal. Before focusing on the methodology 
of the study, the principle of neural networks is 
briefly explained. 
A neural network consists of a network of 
processing elements, so-called “neurons”. 
These neurons are organized in layers in the 
network as shown in Fig. la. Every neuron cal- 
culates an output Oi out of all incoming inputs 
xi. Generally, for a neuron i, all inputs zj are 
weighted by a factor Wij and then summed up to 
the final input ui. 
This input can be transferred into the output 
oi by a mathematical transfer or “squashing” 
function. Different kinds of neurons can have 
different transfer functions: a sigmoid neuron 
transfers the input into the output according to 
eqn. (2) with 0 as a bias. 
1 
“=l+exp(-r&+8) 
(2) 
On the other hand, a neuron having a radial 
base function transfers directly all inputs Xj into 
an output according to: 
= ex I-I PC (Xj-Wij)2 - 2ap ) (3) j 
The correct input-output relation of the net- 
work as a whole is “learned” from examples by 
adapting the weights and the additional pa- 
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Fig. 1. Schematic drawing of a neural network topology (a) and a processing element called neuron (b ) . 
rameters ai and 0, iteratively. To develop an op- 
timal network that correlates the permeability 
of a polymer to its IR spectrum, a number of 
network parameters can be changed. A net- 
work with an optimal topology must be found 
with respect to the kind of neuron used, the 
number of layers and the number of neurons 
per layer. 
First an adequate number of neurons in the 
input layer is chosen. Secondly, a certain set of 
IR spectra together with the permeabilities is 
presented to the network. (The method of pre- 
senting the IR spectrum to the input layer will 
be explained later.) The third step is to train 
the network by changing the weights of neu- 
rons in such a way that a minimum error is ob- 
tained between the predicted and experimental 
permeability. Training and testing wa8 carried 
out in this study according to the leave-one-out 
method. One polymer is left out of the set of 
polymers and, after the network has been 
trained with the remaining polymers, the 
permeability of this polymer is predicted on the 
basis of its IR spectrum. The procedure is re- 
peated for all polymers in the training set. 
In order to measure the predictive power of 
different network topologies, a performance 
factor, C, has been defined [see eqn. (4 ) 1. This 
performance factor, C, is equal to the ratio of 
the sum of all differences between the predicted 
output (output) and the experimental perme- 
ability (target output) and the sum of all dif- 
ferences between the average permeability Pav 
of all polymers and the experimental 
permeability. 
C 1 output-target output 1 
c= Iz 
C 1 P,, -target output 1 
(4) 
n 
The neural network works predictively if C 
is smaller than 1. For C=l, the predicted 
permeability for an unknown polymer would be 
equal to the average permeability of all poly- 
mers presented in the set (which is, in fact, 
useless). 
3. Infrared spectroscopy 
The question that remains is how an IR spec- 
trum, which is rather complex in nature, can be 
presented as a valuable, compact input to the 
neural network. We have chosen a curve-fitting 
procedure using Legendre polynomials [ 111. 
The IR spectra were fitted in the range 400- 
2000 cm-l. Depending on the number of poly- 
nomials used, the quality of the representation 
of the IR spectra can be influenced, as shown 
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Fig. 2. Comparison of fitted and experimental IR spectra for bisphenol-A polycarbonate at different numbers of Legendre 
polynomials. 
in Fig. 2. A maximum set of 48 polynomials, 
resulting in 48 input values for the network, 
could be processed by the network. This, how- 
ever, does not automatically imply an optimum 
input layer topology. Although 48 polynomials 
was not sufficient to fit every peak in the spec- 
trum, the general form of the spectrum was re- 
produced well by this method. 
4. Set of polymers 
Not only the quality of inputs and the topol- 
ogy of networks, but also the quality of the 
polymer set itself may strongly influence the 
success of neural network modelling. An opti- 
mum polymer set would comprise at least 50 
different polymers (the more the better) with 
a very subtle change in polymer structure from 
one polymer family to another. The polymers 
used in this study were all glassy polymers. In 
this study, 33 glassy polymers were used for the 
modeling. The set of polymers consisted of tai- 
lor-made polyimides [ 121, polycarbonates [ 131, 
cellulosic polymers, polysulfones and aromatic 
polyesters. Polymers were dissolved in suitable 
solvents, cast on glass plates, dried in a nitro- 
gen atmosphere for 24 h and finally dried for 2 
weeks in a vacuum oven at 70°C. Permeabili- 
ties were measured at 32°C using a set-up de- 
scribed in [ 121. 
5. Results and discussion 
A considerable amount of effort and comput- 
ing time was invested in the optimization of the 
network topology details [ 141. Besides the fit- 
ting of the Legendre polynomials, other tech- 
niques were also used and compared. Only the 
best results obtained to date are presented be- 
low. These were obtained with a neural net- 
work with 24 input neurons and 16 radial base 
function neurons in a single hidden layer. The 
IR spectrum was fitted using 47 polynomials, 
but only the first 24 were presented to the net- 
work. This procedure is valid due to the orthog- 
onality of Legendre polynomials. The network 
was trained in 3000 iterations for each polymer. 
Figure 3 shows the predicted permeability for 
each polymer versus the experimental perme- 
ability. Both the y and x axes are logarithmic, 
because a linear axis would cluster most of the 
data points in the range l-20 barrer (1 bar- 
rer=lO-lo cm3 (STP)cm/(cm2 s cmHg). The 
solid line represents equal values for the pre- 
dicted and experimental permeability. 
A clear correlation between the predicted and 
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Fig. 3. Comparison of the permeabilities predicted by the 
neural network and the experimental permeability of car- 
bon dioxide in different polymers. 
the experimental permeability can be seen. The 
correlation is also expressed by the perform- 
ance factor of C=O.77. Extreme values for the 
lowest and highest permeability must be ex- 
trapolated by the network because these poly- 
mers are not present in the training set. Satis- 
factory agreement between predicted and 
experimental permeabilities was obtained in the 
case of phenoxy resin at 0.5 barrer and poly (2,6- 
diphenyl-1,4-phenylenoxide) at 100 barrer, 
respectively. 
On the other hand, some polymers do not fit 
well on the line. In general, these are polymers 
containing certain groups which occur only once 
in the whole set of polymers. Thus, if they are 
taken out during the leave-one-out training, the 
network is trained without this group. In the 
case of the polymer poly(viny1 butyrate), the 
experimental permeability of 8.1 barrer is sig- 
nificantly smaller than the predicted value of 
43.8 barrer. PIXU 218 from Ciba Geigy de- 
viates in the other direction: the experimental 
permeability of 50 barrer is completely under- 
estimated by the prediction of 1.7 barrer. 
In summary, this short communication shows 
that neural networks are able to relate the IR 
spectrum of a polymer to ita permeability for 
carbon dioxide. Enlargement of the polymer set 
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can be expected to improve the quality of the 
prediction. 
In using this particular correlation method- 
ology, it is important to note that the weights 
of the final trained network do not have any 
physical significance. Only a systematic artifi- 
cial manipulation of an input IR spectrum, rep- 
resenting an alteration in the chemical struc- 
ture of the polymer, together with the newly 
predicted permeability may give more insight 
into the molecular aspects influencing the 
permeability. It is not clear yet whether history 
effects like annealing or residual solvent effects 
can be included in the modelling. The authors 
are aware of the impact of such effects on the 
permeability. On the other hand, the extent of 
crystallization as well as the residual solvent 
content can be determined by IR spectroscopy. 
Certainly, this neural network method can also 
be applied to mechanical and thermal proper- 
ties of polymers such as the elastic modulus or 
the glass transition temperature, respectively. 
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